Abstracts By adopting a citation-based recursive ranking method for patents the evolution of new fields of technology can be traced. Specifically, it is demonstrated that the laser/inkjet printer technology emerged from the recombination of two existing technologies: sequential printing and static image production. The dynamics of the citations coming from the different ''precursor'' classes illuminates the mechanism of the emergence of new fields and give the possibility to make predictions about future technological development. For the patent network the optimal value of the PageRank damping factor is close to 0.5; the application of d = 0.85 leads to unacceptable ranking results.
Introduction
We have previously studied the growth of the patent citation network both at the ''microscopic'' level of individual patents É rdi 2007; Strandburg et al. 2007; Strandburg et al. 2009 ) and at ''mesoscopic'' (É rdi et al. 2013) levels. Microscopic level studies helped to measure the ''attractiveness'' of a patent, as a function of its age and the number of citations already obtained. At the mesoscopic level the analysis has been extended to subclasses, and it was demonstrated that it is possible to detect and predict an emerging new technological trend through the application of an appropriate clustering algorithm.
The patent citation network can be viewed as a time-evolving complex system. Inventions often can be described as combinations of already existing technologies (Schumpeter 1939; Valverde et al. 2007; Henderson and Clark 1990; Weitzman 1996; Hargadon and Sutton 1997) . For example, one might think of the automobile as a combination of the ''horse carriage and the internal combustion engine'' (Fleming 2001; Perra and Fortunato 2008; Podolny and Stuart 1995; Podolny et al. 1996; Fleming and Sorenson 2001) . For the combination a new and relevant illustration will be shown in ''Technological evolution as the recombination of existing technologies'' section of the present paper: it is demonstrated that the emergence of industry trends can be identified by observing the temporal development of the proportion of class-specific citations.
Recursive ranking: from web pages to patents
In the theory of social networks centrality measures were constructed to rank network nodes based on their topological importance (Wasserman and Faust 1994) . These centrality measures reflect that either there is a connection between a pair of nodes or there isn't, and thus the elements of the adjacency matrix of the graph are zeros or ones. Another family of measures is related to the spectral properties of the adjacency matrix (Perra and Fortunato 2008; Vigna 2009 ), taking into account the importance of the neighbors. Brin and Page (1998) determined the importance of a node by taking into consideration both the number and the importance of its immediate neighbors. Since the neighbors also have neighbors, the calculation of the matching centrality measure-PageRank has to be recursive. The PageRank (P) values of the nodes are calculated iteratively:
where P i (t) is the PageRank value of node i at iteration t, N is the total number of the nodes in the network, n i is the count of incoming links of node i, m j is the count of outgoing links of node i and d is called the ''damping factor''. Each node that is cited in the network by node j receives the same share of the PageRank. Equation (1) reflects that not all of the resources of node i will be distributed through its outgoing links among the neighbors: a fraction (1d) of its resources is evenly distributed among the N nodes of the network. It also reflects that two independent mechanisms contribute to the distribution of the resources: the contribution of the first one is determined by the number of network nodes while the second one depends primarily on the structure of the network graph (i.e. the number of neighbors). The relative contribution of the two mechanisms is determined by the parameter d, where the smaller is the value of d, the lower is the relative influence of the neighbors in the graph.
If a network has a node which has no outgoing links, (1) cannot be applied, because the value of m j is zero. Brin and Page (1998) proposed to distribute the PageRank of such ''dangling'' nodes evenly among all other nodes of the network through new, ''artificial'' links. The evenness of the redistribution guarantees that the relative ranks of the other nodes remain unchanged.
To calculate PageRank in the first step we attribute the same initial PR value to each node; then we calculate a new set of PR value for each node and this process is repeated until at each node a stationary value is reached. The method of Brin and Page guarantees that the iteration procedure will converge, but a high price has been paid for this advantage: by the introduction of the new links the structure of the original graph is drastically changed.
The spirit of the recursive PageRank algorithm can be extended to patent citation analysis as well. A patent is useful if it contains significant, reusable information. The proof of the usefulness is that the patent is being cited by other patents. The importance of a patent is measured by the frequency of the citation of the given patent by other patents; however, the weight of these citations is not equal: more important are those citations that are cited by important citations.
Citations related to a given patent are either incoming citations made by newer patents (called inlinks), or citations that are contained in the text of the patent itself (called outlinks). Each citation is always an inlink and an outlink at the same time-depending on the viewpoint. The number of outlinks of a patent are fixed at the moment when the patent is granted, while the number of inlinks of a patent keeps growing in time whenever a new citing patent appears. To calculate the centrality of a given node we may take into account its inlinks, its outlinks or both. The present work will focus on inlinks, because inlinks reflect the progress of technology. Due to the nature of the patent system inlink citations are strictly unidirectional, acyclic and singly connected. Due to these restrictions the structure of the inlink graph significantly differs from the structure of the web graph.
Shaffer (2011)-motivated by the PageRank algorithm-introduced Patent Rank as a centrality measure of patents registered by the U.S. Patent and Trademark Office (USPTO). His primary aim was to assign a single value to each patent, which simultaneously reflects both the relative significance of a patent as well as its economic value. Similarly to PageRank, Patent Rank also applies a recursive algorithm, and utilizes inlinks as well as outlinks. To avoid the problem caused by the zero elements of the adjacency matrix due to nodes without incoming or outgoing links Shaffer applied the matrix augmentation technique: the U.S. Patent Office is used as a super-node which is cited by all patents in the network and cites all patents in the network. This is the point where the structure of the original graph is being changed ( Table 1) . His approach to ensure irreducibility using matrix augmentation appears to be less intrusive than the solution of PageRank, where every node becomes directly connected to every other node, but it was shown (Tomlin 2003; Langville and Meyer 2003) that the two methods are mathematically equivalent; however, the question, as to how to choose the damping factor for this equivalence was left open. 
Methods

Database
To study the temporal evolution of the USPTO database we apply the original PageRank centrality measure, since-contrary to the augmentation technique-PageRank has an additional control parameter: the damping factor (d), which enables the fine tuning of the results.
We developed a PL/SQL program to calculate the PageRank value of each node using the original iterative algorithm of Brin and Page (1998) . 1 The correctness of calculated PageRank values of our software implementation were tested on two classic examples from the Netlogo simulator (Stonedahl and Wilensky 2009) . From the digital data of all patents granted in the 1976-2012 period by the USPTO (approximately 3.94 million patents) we constructed an Oracle repository. From the 44 million inlink citations we generated five complete PageRank sets corresponding to the full range of d values: 0.01, 0.15, 0.50, 0.85 and 0.99.
The time requirement of one iteration using an Oracle VM under Win7 was approx. 3 min. Iterations were terminated when the sum of the differences between the new PageRank values and the previous ones for the 3.94 million nodes became smaller than 10 -6 . The number of iterations required to reach the equilibrium value of PageRank was low between 4 (d = 0.01) and 18 (d = 0.99).
The optimal values of d for citation networks
No objective criteria have been published to support the selection of the optimal value of d. To achieve fast convergence Brin and Page originally proposed to use d = 0 .85 value for the web graph, and this value has been applied to a broad range of networks. However, when Avrachenkov et al. (2008) examined the ergodic structure and the probability flow of the web graph, it was recognized that with d = 0 .85 the most valuable central part of the network does not receive its fair share of the PageRank flow, since the peripheries of the network absorb too much PageRank; they suggested that d = 0.50 would be a more appropriate choice. For a network of scientific citations also d = 0.5 has been selected (Chen et al. 2007; Maslov 2009; Walker et al. 2007 ), but the choice was intuitive: researchers hardly go deeper than two levels when references in cited papers are checked.
Results
The most relevant results of the calculations are summarized in Tables 1 and 2. 2 Table 1 displays the Number of Citations (NCIT) and the corresponding PageRank values of the top 20 patents. We also indicated which citations originated from the two most important patent classes: Class 435-related to genetics-is marked by green, while Class 347corresponding to inkjet and laser printer technology-is marked by yellow. This coloring can provide a visual impression showing which part of the patent graph receives preference at the selected value of d.
1 The source code is available under Supporting Information (Section 1).
2 All results of the top 100 ranked patents for each value of d are available under Supporting Information (Section 2 to Section 6).
Selection of the optimal value of d for the present study
We will demonstrate that the proper choice of d for the patent network is in the 0.01-0.50 range. This unusual result contradicts most experiences gained with various subsets of the web graph where the selected value of d usually is 0.85.
Let us summarize what happens when the value of d is changed in the [0,1) interval.
• If d = 0, the PageRank of each and every node would be the same: 1/N-this choice is unsuitable for ranking; the redistribution is solely controlled by the initial uniform distribution and the neighbors have no effect whatsoever. • If d = 0.01 (Table 1 Column 1), it is generally expected (Fortunato and Flammini 2007 ) that for very low d values PageRank will be determined by the above uniform distribution, because the effect of the neighbors through the internal link structure is heavily dampened. Our results-shown in the first column of Columns 3 and 4) , the most important central components of the graph do not receive their fair share of the PageRank mass, as was recognized by Boldi et al. (2005) . In the early days of PageRank applications it was supposed that choosing d close to unity would lead to 'truer' PageRank values. Recent investigations proved that this supposition is not correct: for real-world graphs such d values do not result in meaningful ranking: PageRank becomes concentrated in buckets having no connection with other network components and the PageRank of the well connected core part of the network graph becomes heavily underrated. The consequence: for d = 0.99 the list of the top 20 patents is full of irrelevant results.
The most interesting result of Table 1 is that in the case of the patent network-contrary to the web graph-d = 0.85 is a bad choice.
These results are in good correspondence with Avrachenkov et al. (2008) and Boldi and Santini (2005) ; this led us to choose d = 0.5 for the present investigations.
Patent classes of top ranking patents in the USPTO database
In the list of the twenty patents having the highest PageRank (Table 2) four of the top patents are related to genetics (Class 435). Our ranking method seems to be justified, because the inventor of the two highest ranked patent, Mullis (1993) , received the 1993 Nobel Prize in Chemistry for his essential contribution to the development of DNA based chemistry.
Over 2000 later patents benefited from the information, transferred from each of these outstanding patents (#4683195 and #4683202) toward the citing patents. But why is patent 4683195 ranked higher than 4683202 if the latter received more citations? In the course of the years the patents which cited the first one proved to be a more valuable resource of information than those patents which cited the second one. In other words: the accumulated role of 4683195 became more important as a resource of information. It is essential for the rest of the paper to understand the quantitative explanation: the PageRank of 4683195 is determined by to the sum of the PageRanks of its citing patents-the higher is this sum, the higher is the amount of information received by the citing documents.
Technological evolution as the recombination of existing technologies
The evolution of laser/inkjet printing In the top 20 list six of the patents are related to laser/inkjet printing (Class 347). In the past two decades this class became one of the most important USPTO classes: ten percent of the most cited 100 patents in the database belong to Class 347. The citation activity to Class 347 has shown a steady increase between 1976 and 2011; however, behind this deceptively simple tendency a complex picture is hidden. Figure 1 shows the distribution of the PageRank contribution of external patent classes citing Class 347 as the function of time from the early 80's to the end of 2012. The two external classes, which cite Class 347 at the highest frequency are Class 400 (sequential printing mechanism) and Class 358 (static image production).
Because citations are not equal in value, the true contribution of a selected class in a given year cannot be characterized simply by the number of citations originating from this class. Instead, we should use the sum of the PageRanks of the citing patents in that year to characterize the flow of information.
The proportion of the citations originating from Class 358 and Class 400 shows a significant trend change in time: before 2004 the flow toward Class 358 and Class 400 were more or less equal, but after 2004 the contribution connected with Class 400 gradually decreased year by year, while the contribution of Class 358 gradually increased and became dominant in the past years.
Class-level trends
The upper chart of Fig. 1 reveals an important industry trend: between 1992 and 2012 the interaction between Class 347 and Class 400 contributed to the development of the mechanical construction of the laser/inkjet printers. Citations from Class 358 to Class 400 reflect the contributions of Class 358 to the development of the image formation techniques. Between 1992 and 2004 the contribution of these two classes has been roughly equal, but this trend was not continued after 2004. By 2004 the refinement of printing mechanisms reached a level where further investment apparently became unjustified-the period of mechanical evolution was over. Between 2004 and 2012 the information flow from Class 347 toward Class 358 gradually became significantly larger than the flow toward Class 400. This indicates that the efforts during this period became focused on the development of the imaging part of the solution: reduce the size of droplets, increase the stability of the printed images, etc.
Individual-level trends
To check the validity of the above technical trend shown by the class level data let us focus our attention on the six most cited individual patents in Class 347. The question is whether the trend shown by the citation data of the most cited patents have similar trends as the Fig. 1 The time distribution of the PageRank contribution of external patent classes citing Class 347. The upper chart corresponds to the complete USPTO database; the lower chart shows only non-Canon related data entire class or not. In the pre-2004 period the number of citations from Class 400 was 30-40 % of Class 358 citations. After 2004 it decreased to 8-10 % and the proportion of Class 358 citations became six times higher. We may conclude that the top six patents follow the same trend as was shown by the whole Class 347.
The effect of self-citations
The full text of the top patents in Class 347 revealed two important facts: all of the top patents are granted to Canon and the great majority of the citations to these Canon patents are self-citations by other Canon patents. None of the Canon self-citations was spamthese are genuinely relevant, high quality patents that make rational, technically justifiable citations. Canon has a well-designed and consistently executed patent writing policy: always cite all related Canon patents. This helps to bring the excellent patents of Canon to the top of the list and at the same time prevents the patents of other producers from occupying any of the top positions. Self citation is a common practice used in scientific articles and provides valuable information to the reader. However, it should be recognized that in the case of patents self-citations do not indicate real information flow among the parties; therefore the weight to be attributed to self citations should be smaller.
How to ensure that the sharp change after 2004-which was originally interpreted as a general industry trend-is not an artifact, caused by the internal decision of a single, very powerful producer? To find out, whether the citation data of the competitors show a similar change, we created a subset of the data where Canon-related patents are not taken into account: patents which cite Canon patents as well as patents which are cited by Canon patents were disregarded (Fig. 1, lower chart) . Using this reduced dataset the trend proved to be the same as in the case of the complete database (which included Canon patents).
Conclusions
We calculated the PageRank values of 1976-2012 USPTO patents for five values of the damping factor. For large www networks traditionally d = 0.85 has been used, but in the case of the patent citation network this value of the damping factor leads to unacceptable ranking. As Avrachenkov predicted, the optimal value of d for this network is close to 0.5.
The class-selective study of the temporal evolution of the citations of Class 347 has revealed certain general industry trends: the two most influential external classes which cite Class 347 at outstanding frequency are Class 400 (sequential printing mechanism) and Class 358 (static image production). The laser/inkjet printer technology seems to emerge from the recombination of these two already existing technologies.
The class-selective analysis revealed that the refinement of the printing mechanisms reached such a level by 2004 where further major investment became unjustified. Therefore from the middle of the decade the technical efforts were primarily focused on the development of the imaging part of the solution. This industry trend is equally supported by the study of the patents of all manufacturers in Class 347, as well as the subset of non-Canon patents, and has been verified by the analysis of the most important individual patents in this class. We demonstrated using the example of an important patent class that the evolution of technology trends can be successfully recognized through the study of class-specific change of citation activity in time.
